Abstract: Condition monitoring data in the form of oil test results are important for transformer ageing assessment and asset management. In this paper, Analysis of Variance (ANOVA) based factorial analysis was demonstrated as a data mining technique for identifying the influence of different factors on transformer ageing. Using a UK oil test database of 33/11(or 6.6) kV transformers, studies were performed to assess the influence of in-service age, manufacturer, year of manufacture, load and environment on the measured oil acidity. This methodology can reduce the workload of manually performing pairwise comparisons to understand the influence of each factor. In addition, it can also consider any interaction effect present among the factors. As a demonstration, influence of the year of manufacture on oil acidity was revealed, which was confirmed by identifying a change in design for late 1960s units and an early degradation phenomenon for late 1980s units.
Introduction
The majority of the UK power transformers were installed in the 1960s and thus are fast approaching or have even exceeded the design lifetimes of about 60 years for distribution transformers and 45 years for transmission transformers [1] . The inevitable ageing processes will increase the risks of transformer failure, implying the need for proper asset management. Power transformers were traditionally managed according to a time-based strategy with a series of routine maintenance programs [2] . More recently, electrical utilities have been transitioning to a condition-based strategy which involves monitoring and interpreting transformer condition that in turn guide optimised operation and management of transformers [2] . This condition can be monitored through the measurement of various ageing by-products found in oil such as acids, furans, water and so forth.
With respect to the measurement records of inservice transformers, different data mining techniques have been proposed for assessing transformer ageing condition. The techniques include graphical analyses like scattered plot and curve fitting, as well as statistical analyses such as hypothesis tests and correlation coefficients [3] [4] [5] [6] [7] [8] . Apart from that, mathematical techniques such as weightings based health index formula, fuzzy logic, artificial neural network (ANN), principal component analysis (PCA), analytic hierarchy process (AHP), grey relational analysis (GRA), support vector machine (SVM) and particle swarm optimisation (PSO) have also been proposed for condition assessment of in-service power transformers [4, [9] [10] [11] [12] [13] [14] [15] .
Among the many approaches, graphical techniques are frequently the first step in oil test data mining [3, 5, 7, 8] . A more systematic approach is however needed considering the size and complexity of databases that do not just have multiple transformers, historical records and test parameters, but also influential factors like age or manufacturer.
Particularly for understanding the effects of different factors, Analysis of Variance (ANOVA) based factorial analysis is a useful tool that has been used widely in manufacturing processes and psychological studies [16, 17] . It has also been recently applied in the field of insulation material ageing as detailed in [18] . In general, this technique includes a series of hypothesis tests to comprehensively analyse the influence of one or more factors, as well as the combinations among them.
Realising that, this paper employs Analysis of Variance (ANOVA) based factorial analysis to analyse the influence of different factors (in-service age, manufacturer, year of manufacture, load and environment) on acidity in oil, which is one of the most widely measured and condition indicative oil test parameters for transformers [8, 19] . There are 5539 records of oil acidity from 446 units of 33/11(or 6.6) kV transformers owned by a UK electrical utility. The transformers are free breathing with silica gel breathers, insulated with non-thermally upgraded Kraft paper and filled with mineral oil.
Methodology
The methodology consists of two parts-Analysis of Variance (ANOVA) and its follow-up tests as illustrated in Fig. 1 . In general, the first part uses ANOVA to indicate the significance of single factor effects and multi-factor interaction effects. This in turn is used to guide which of those effects are to be analysed in more detail in the second part for a specific target factor of interest. 
Analysis of Variance (ANOVA)
To first apply ANOVA, the relevant inputs need to be set. The inputs consist of a dependent variable (DV) which value is based on the effect of one or more factors of interest. The DV needs to be a quantitative ageing indicator from the oil test database (in this case, measured oil acidity).
Unlike the quantitative DV, the input factors should be categorised into two or more levels. The selection of the factors depends on transformer ageing mechanism as studied in [20] . Based on this mechanism, factors such as heat, water and oxygen are ideal choices since their influence has been verified by experiments in [18] . However, for an inservice unit, it might be difficult to accurately monitor these direct influencing factors. Thus, indirect influencing factors that can relate to those direct ones are needed for analysis.
In this paper, five factors available in the database were selected and categorised in Table 1 . Ideally, as many factors as possible can be chosen for the factorial analysis. The aim here is to demonstrate the methodology based on limited information available but it can also be easily applied when more information is known.
In-service age was chosen as an insulation system is known to degrade with time from both experimental studies and in-service experiences [5] . On the other hand, as design and oil information is not well recorded or disclosed, a feasible solution from prior database studies is to select manufacturer and year of manufacture as factors implying any difference in transformer design and oil type [1] . Different designs could affect the thermal performance of a transformer, thereby influencing ageing tendencies. The choice of oil could also influence ageing and hence acidity growth as shown in [1, 20] .
As for load, it was chosen as it relates to the operational stress [21] . The load on a transformer could affect heat generation and further influence ageing. Note that only peak load information in 2011 is available; and its categorisation in Table 1 is based on its median value (62% of the oil-natural-air-natural (ONAN) power rating). Lastly, environment is also of interest as it relates to ambient temperature variation, potential moisture ingress and solar heat gain. Based on [22] , indoor and outdoor installations will be used for the study on environment in ANOVA.
ANOVA is based on a general linear model. Its structure is shown in (1) where the observed value of the DV is based on the effect of factors of research interest [17] .
The term "allow-for" in (1) means the effect of a factor is incorporated into the model for analysis [17] . For factors not incorporated in the model, there are two ways to proceed. The first is to fix the level of a factor so that the effect of this factor is constant. As an example, if the effect of air pressure on transformer ageing is not of interest, it might be necessary to choose transformers in the same altitude range so that the effect of air pressure is fixed. This practice of keeping the effect constant can also be used for unrecognised factors such as common historical events [17] . The second way to deal with other factors not to be incorporated into the model is to consider their effects as an error randomly varying across the observed DV [17] . This practice is applicable to factors whose effects are minor or beyond our existing knowledge [17] .
Based on the five factors in Combining the single factor (5) and multi-factor (26) interaction effects, there are 31 effects. It is important to remember that a specific target factor of interest (age, manufacturer, year of manufacture, load and environment) can be involved in more than one effect. Referring to (2), any of the effects can only be deemed insignificant if all the individual levels of that particular effect are tested to be insignificant, which is interpreted from the confirmation of the respective null hypotheses H 0 as shown in Table 2 . Note that corresponding to the 31 effects (single and interaction effects), there will be 31 hypothesis tests. These tests are performed using SPSS as recommended in [23, 24] . The output of interest from each of these hypothesis tests is the p-value. A p-value smaller than a predefined significance level (typically 0.05) suggests the rejection of a null hypothesis [25] .
Follow-up Tests
The rejection of a null hypothesis in Table 2 indicates the significance of an effect. This is due to the difference between the individual levels of an effect. From the p-values, follow-up tests are done for each of the target factors (age, manufacturer, year of manufacture, load and environment). MATLAB and SPSS are used in the follow-up tests for automation, hypothesis testing and pairwise comparisons.
The following uses in-service age (factor ) as the target factor to explain the follow-up tests which consist of an effect selection stage and a pairwise comparison stage as in Fig. 1 . As in-service age has significant interaction effects with other factors (to be seen in Table 4 in Section 3), the analysis of its single effect is not meaningful as also detailed in [16, 17] . The analysis should instead focus on the highestway significant interaction effects in which the target factor (in-service age) is involved. From Table 4 , the highest-way significant interactions are: ××, ×× and ××.
Next, pairwise comparison is performed. Taking one of the selected interaction effects ×× as an example, the pairwise comparison is implemented by comparing the estimated DV means under different levels of the in-service age  at all the combinations of the levels of factors  and .
The estimation of the DV mean will average over the levels of the other two remaining factors  and  to remove their influence [17] . The pairwise comparison process is facilitated by the testing of hypotheses as expressed in (3). 
where  xqr and  yqr denote the DV means at the levels of x and y respectively for factor , when factors  and  are fixed at the levels of q and r respectively. In total, there will be bc combinations for the levels of factors  and . In theory, each combination will have a(a1)/2 pairwise comparisons for the individual levels of factor .
Knowing the number of levels from Table 1 , the total number of pairwise comparisons would be bca (a1)/2=3900 for only the case of ×× in the study of the influence of in-service age. This large number of comparisons would be tedious and ineffective if to be accomplished using just traditional graphical plotting means.
The application of pairwise comparisons facilitated by SPSS can thus offer a more efficient alternative. Besides a reduced workload, quantifiable results can also be obtained such as estimated mean difference and p-value as shown in Table 3 .
The p-value again indicates the credibility of the null hypotheses H 0 which in the case of (3), a rejection indicates the means of the DV from two individual levels of a factor are significantly different. This can be used to deduce whether a certain level of the factor  tends to vary the DV in the presence of other factors. A general statistical analysis can then be performed on Table 3 , focusing on the significant results with no fewer than five transformers in each compared group to ensure confident data interpretation. This statistical analysis can then be complemented by graphical analysis if required. Compared with only the application of graphical analysis for identifying the influence of a factor, this approach could save time and would have also considered interactions. 
Results and Discussion
The proposed methodology in Fig. 1 was demonstrated on a UK utility database using MATLAB and SPSS to explore the influence of five factors (age, manufacturer, year of manufacture, load and environment) on acidity, a transformer ageing indicator. Table 4 shows only the significant effects (p-values < 0.05), including single factor as well as multi-factor interaction effects. Further investigations on the influence of a specific target factor will focus on the analysis of the highest-way significant interaction effects since all single factor effects are involved in interaction effects [16, 25] . 
Influence of In-service Age
As mentioned in Section 2.2, the study of the influence of in-service age (factor ) on acidity involves three 3-way significant interaction effects: ××, ×× and ××. Follow-up tests are performed on these three effects with pairwise comparisons performed on the estimated acidity means between individual levels of factor  under the various combinations of levels of the other two factors. Table 5 shows the statistics on significant effects and related pairwise comparison results for each significant interaction effect involving the factor of in-service age. From those with sufficient data, the majority have a statistically significant difference between the estimated means. The influence of in-service age can be further investigated in detail by studying the positive estimated mean differences also tabulated in Table 5 .
A positive estimated mean difference is denoted as the estimated acidity mean of a level in the jth column being higher than that of a level in the ith row. The number of positive estimated mean differences is recorded in the numerator of any quotient in Table 5 . The denominator of this quotient is the total number of pairwise comparisons with sufficient data. The difference between the numerator and denominator is the number of cases when the estimated means are statistically similar or when a negative estimated mean difference occurs (also interpreted as the positive mean difference in the corresponding reverse quotient in the ith column and the jth row).
For instance, 4/5 * at the "20-30 years" column and "10-20 years" row indicates there are 4 cases where the estimated means from the in-service age range of 20-30 years are higher than those from the 10-20 years range under the study of ×× (3-way interaction effect involving age, manufacturer and year of manufacture). There is only one case where the estimated means from both in-service age ranges are similar ("20-30 years" acidity mean is not lower than "10-20 years" as 0/5 * in the reverse entry confirms that). 
××)
These statistical observations are graphically complemented as illustrated in Fig. 2 . The boxplots used represent a non-parametric graphical method. With M4 and M11 manufacturers at different years of manufacture, the boxplots show that the acidity in the 20-30 years range is higher than that of in the 10-20 years range in four out of the five pairs of comparison (except the first pair).
Fig. 2. Boxplots showing the difference between two age ranges on acidity corresponding to fixed levels of manufacturer and year of manufacture
Since all the quotients with positive estimated mean differences (shaded for clarity) are in the upper diagonal part of Table 5 , it can be concluded that acidity of older transformers tends to be higher than that of younger transformers, regardless of the influence of other factors. This observation is also resonated by previous research detailed in [1, 6, 8, 26] , where the clear increasing trends of acidity with respect to transformer in-service age are also graphically presented.
Influence of Manufacturer
Based on the methodology in Section 2 and the output of ANOVA in Table 4 , four 3-way significant interaction effects are selected for follow-up tests. General statistics and detailed results on the significant effects and related pairwise comparisons are presented in Table 8 in Appendix. Shaded quotients again represent those with a positive estimated mean difference.
As an example, for ××, manufacturer M2 is adjudged to have a higher acidity compared with M7 based on the value of 5/6 * . This is also complemented by a graphical boxplot representation depicted by Fig. 3 where apart from the first pair of comparison, all the other pairs do indicate M2 having a higher acidity than M7.
Fig. 3. Boxplots showing the difference between two manufacturers on acidity corresponding to fixed levels of inservice age and year of manufacture
Back to Table 8 , it is observed that even though it appears that majority of the table quotients indicate similarity, M11, M2 and M4 as well as to a lesser extent M5 and M6 portray quite consistently a higher acidity. On the other hand, M7 and M13 appear to be having a lower acidity, potentially hinting at a better design.
Influence of Year of Manufacture
As shown in Table 9 in Appendix, four significant interaction effects from Table 4 are selected for the pairwise comparisons of different years of manufacture. The detailed results of pairwise comparisons are also shown in Table 9 , where the majority of significant positive mean differences are in the lower diagonal half of the table.
It is interesting to note that only when in-service age is not considered in the interactions, there will be a positive estimated mean difference in the lower diagonal half. When in-service age is considered, i.e. the interaction effect of ××, none of those in the lower diagonal half has a positive estimated mean difference.
In other words, for the study on the influence of year of manufacture, it could be more relevant to focus on the interaction effect involving in-service age as there is an underlying relationship between year of manufacture and inservice age. Only when in-service age is fixed, the influence of year of manufacture can be properly studied.
Analysing Table 9 and focusing on the first interaction involving in-service age, it can be seen that there are only three quotients with significant positive estimated mean differences. The positive mean difference in the quotient at the column of 1965-1970 (late 1960s) and the row of 1960-1965 (early 1960s) indicates that the acidity of transformers made in the late 1960s tends to be higher than those made in the early 1960s. This could be attributed to the adoption of Integrated System Transformers (ISTs) by the electrical utility in the mid-1960s [6, 27, 28] .
As for the two other quotients, both at the column of 1985-1990 with rows of 1970-1975 and 1980-1985, results indicate that the acidity of transformers made in 1985-1990 is higher. This statistical observation is also complemented from a graphical perspective by the boxplots shown in Fig. 4 illustrating the difference in acidity values between 1985-1990 (late 1980s) transformers and 1980-1985 (early 1980s) transformers at fixed in-service age ranges and for a fixed manufacturer M4.
Fig. 4. Boxplots showing the difference between two years of manufacture on acidity corresponding to fixed levels of in-service age and manufacturer
This observation has also been confirmed by what is called as an early degradation phenomenon due to the adoption of hydro treatment oil refining technique in the late 1980s as reported from transformer oil test database analysis on other electrical utilities [1, 26] .
Influence of Load
For the study on the influence of load, four significant interaction effects from Table 4 are selected for pairwise comparisons. The general statistics and detailed results pertaining to those pairwise comparisons are shown in Table 6 . In theory, a higher load tends to increase the temperature experienced by a transformer and that consequently accelerates the acidity growth in the transformer. Based on this theory, significant positive mean differences should occur in the quotients at the high load column and the low load row in Table 6 . However, the occurrence of positive mean differences in the quotients at the low load column and high load row in Table 6 indicates an ambiguity of the load influence. As an example, 1/21* implies a higher acidity for low load transformers out of the 21 cases of the first interaction ××. Moreover, for that interaction effect, there are 16 cases (21 -1 -4) where the acidity values are adjudged to be similar.
The ambiguous influence of load raises the concerns about the usability of peak load information as it cannot accurately reflect the real transformer loading effect. Hence, databases should preferably have actual load records (instead of peak load) spanning a longer time period (instead of one year) together with information on cooling modes. The same methodology proposed can still be applied to investigate the influence of load.
Influence of Environment
For the study on the influence of environment, three significant 3-way interaction effects are selected from Table  4 . The general statistics and detailed results of the associated pairwise comparisons are listed in Table 7 . It can be deduced from Table 7 that influence of either an indoor or an outdoor environment on acidity remains ambiguous based on the information available in this study.
In practice, both environments could have their own influences on ageing. An indoor environment might mean a poorer ventilation to dissipate heat whereas an outdoor setting might be more prone to moisture ingress and solar heat gain. Moreover, the current available data classification of just indoor and outdoor might not be the best way to assess environmental influence. More details for describing an environment are thus needed (e.g. precipitation, humidity, ambient temperature, etc.). This future study can still be performed with the same methodology used in this paper. 
Conclusion
An analysis of variance (ANOVA) based factorial analysis was demonstrated as a useful data mining tool towards studying a 33/11(or 6.6) kV transformer oil test database in understanding the influence of different factors on the trend of an ageing indicator (acidity). From the studies, age was analysed as an important factor contributing to transformer ageing. Besides that, years of manufacture of 1965 and 1985 could be potential transitional years; with a change in design for the units made in the late 1960s and an early degradation phenomenon affecting units manufactured in the late 1980s. Although solid findings regarding the difference in manufacturers are still elusive, there are indeed consistent observations that some manufacturers do have better transformers than the others. As for the study on the influence of load and environment, current observations remain ambiguous due to the limitation of the data available.
More importantly, considering the multiple levels for each of the factors considered, the demonstrated technique can not only deal with large data, but also able to consider interactions among factors as well as reducing the workload that would otherwise be too onerous for traditional graphical analysis in manually identifying factorial influences. This technique can help asset managers in analysing large databases and understanding more about the underlying factors influencing the ageing of their transformer fleets for subsequently planning asset management strategies.
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Appendix
Statistics on pairwise comparison results for manufacturer and year of manufacture are shown in Table 8 and Table 9 . M1  M2  M3  M4  M5  M6  M7  M8  M9  M10  M11  M12  M13   M1  -- 
